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This study explores various relationships of streamflow and stream temperature 
over the Portland Metropolitan area in two urbanizing watersheds. Four stream 
temperature and discharge metrics were derived from USGS stream gauges in the 
Tualatin River and Johnson Creek watersheds and were analyzed for monotonic trends. 
Additionally, this study explored the sensitivity of stream temperature to air temperature 
and streamflow to assess where locations throughout the watershed may be more 
sensitive to these changes. Relationships among stream temperature, air temperature, and 
streamflow were assessed using linear and nonlinear bivariate regression for yearly 
values and summer months. Additionally, this study seeks to explain the spatial variations 
of thermal sensitivity throughout the Johnson Creek watershed using predictors derived 
using different weights at the contributing watershed scale and the buffer scale. Results 
indicate significant increasing trends in stream temperature metrics at various locations 
throughout the study area. Decreasing baseflow does not appear to coincide with 
increasing temperature metrics. Significant increasing trends in October and November 
are present in runoff ratio and TQmean. In both watersheds, air temperature appears to 
have a greater influence than streamflow on stream temperature, though the addition of 
discharge generally improves model fit. Increasing thermal sensitivity in Johnson Creek 
is related to increasing and decreasing standard deviation of slope, increasing mean slope, 
increasing open water and wetlands, less forest area, increasing standard deviation of 
NDVI, decreasing restoration area, increasing gray infrastructure density, and increasing 
upstream flow length. At most, ordinary least squares explained 30% of the variance in 
ii 
thermal sensitivity when only including stream temperature monitoring locations in the 
mainstem of the creek. Modelling tributary only stream temperature monitoring locations 
used a variety of watershed, buffer-scale, areal average and inverse distance weighted 
variables. The findings of this study highlight the importance of temporal scale and 
complex hydro-climatic influences along an urban-rural gradient in assessing patterns of 
discharge and temperature. These results have important implications for watershed 
managers, local agencies, and stakeholders who have worked to restore Johnson Creek 
and help to guide future water quality planning throughout the watershed.  
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Introduction 
Urbanization is an unavoidable phenomenon as human environments expand, 
shift and globalize. With increasing growth of urban areas at a rapid rate, the expansion 
of urban areas continues to threaten the natural environment in terms of resources and 
quality (Grimm et al. 2008, McGrane 2016, United Nations 2018). Urbanization can 
affect many facets of the physical environment, such as soils, geomorphology, weather, 
ecology, and water. The evolution of pervious surfaces to impervious fundamentally 
alters meteorological and hydrological systems, mutating these urbanized environments 
towards a new homeostasis of urban hydrology. What was once a simple water cycle has 
now reformed to include a complex dynamic of natural and engineered networks with 
known and unknown consequences for urban life alike (Kaushal and Belt 2012; Bhaskar 
et al. 2016). Urban hydrology, as a relatively new field (McGrane 2016) still has many 
opportunities for further research and discovery. 
This thesis particularly focuses on exploring the impacts of urbanization, land use, 
and climate on stream temperature and discharge in two watersheds in the Portland 
Metropolitan area in Oregon, USA. Water temperatures in urban streams and ponds are 
typically higher than in rural waterbodies. Of course, water temperatures can vary 
naturally due to unique groundwater characteristics, changing of the seasons, and snow 
melt, but it is the variation of stream temperatures caused by anthropogenic changes that 
are of concern. For example, stream temperatures in urban areas can warm due to a 
decrease in riparian shading, thermal pollution from industry, heated runoff from 
impervious surfaces and stormwater piping, climate change, and reduced baseflow 
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(Morrill, Conklin and Bales 2005; Caissie 2006; Nelson and Palmer 2007; Seekell and 
Pace 2011, Somers et al. 2013; Johnson and Wilby 2015; Chen et al. 2016a; McGrane 
2016; Chang, Watson and Strecker 2017; Arora et al. 2018; Brans et al. 2018). Discharge 
is also affected by urbanization, which increases runoff response time and flood 
magnitude and frequency and alters baseflow regimes and groundwater recharge by 
reduced infiltration (Rose and Peters 2001; Jennings and Jarnagin 2002; Baker et al. 
2004; Konrad, Booth and Burges 2005; Chang et al 2007; Sahoo and Smith 2009; Ogden 
et al. 2011; Price 2011;Velpuri and Senay 2013; Valipour 2015; Bhasker et al. 2016; 
Pennino et al 2016; Aulenbach et al. 2017; Ferreira et al. 2018). These interactions are 
complex, and there still remains a large amount of uncertainty in how these impairments 
are manifested across the urban and natural environment. 
It is important to analyze trends of stream temperature and discharge as well as 
the sensitivity of stream temperature to changes in air temperature for urban streams, or 
thermal sensitivity. Thermal sensitivity is imperative to quantify to be able to understand 
the major drivers for stream temperature. If thermal sensitivity is higher in a particular 
area of the watershed, you can expect that under a warming climate, these locations will 
be a greater risk for impaired water quality, while areas of lower thermal sensitivity may 
serve as thermal refugia and be more resilient over time. Having an intimate 
understanding of the complex dynamics of your managed watershed has real life 
implications for how and where resources are spent, and if they are mitigating negative 
effects of urbanization as intended. Temporal and spatial scale analyses work in tandem 
to better illuminate and interpret complex relationships among the land, the climate, and 
3 
water quality. By looking temporally, we can see how stream temperature and discharge 
have improved or degraded overtime. By looking spatially at thermal sensitivity across an 
urban-rural gradient in a small mixed-use watershed, these high-resolution explorations 
better pinpoint the complex interactions that land use, imperviousness, vegetation, 
engineered grey and green infrastructure, restoration, topography, and the relative 
weights and scales of these factors influence stream temperature. As such, the first 
chapter of this thesis focuses on the temporal dynamics of changing discharge and air 
temperature on stream temperature, while the second chapter further delves into the 
spatial relationships of stream temperature. 
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I. Hydrologic Trends of Discharge and Stream Temperature and Assessment of
Thermal Sensitivity 
1. Introduction:
It is understood that urban areas are continuing to develop, with more than ⅔ of the 
world's population projected to live in cities by 2050 (United Nations 2018). This dense 
and highly fragmented landscape has many implications for urban ecology (Pickett et al. 
2001, Grimm et al. 2008). The effect of urbanization on stream ecology can be best 
summarized as the ‘urban stream syndrome’ (Walsh et al. 2005), which can alter many 
aspects of aquatic and riparian environments; most notably flashier runoff, decreased 
baseflow, high concentrations of nutrients, pesticides, and heavy metals, decreased 
biodiversity of native species, high stream temperatures, and altered geomorphology 
(Paul and Meyer 2001, Walsh et al. 2005, Caissie 2006; Elga, Jan and Okke 2015; 
McGrane 2016; Redfern et al. 2016).  
Urbanizing and natural streams can easily be distinguished by their differing 
hydrographic characteristics. Many studies seek to examine the effect of urban hydrology 
and fluvial geomorphology. Rose and Peters (2001) cited Shaw (1994) as they identified 
five major effects of urbanization on streamflow: higher runoff, shorter lag time between 
precipitation and runoff, higher peak flows, less low flows and reduced groundwater 
recharge, and degraded water quality. Kaushal and Belt (2012) argued through an urban 
watershed continuum framework that engineered stormwater systems act as artificial 
headwaters that effectively increases water hyper connectivity while recognizing ‘the 
urban karst’ of leaky pipes, sewage, and septic systems common in urban hydrology. 
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Konrad et al. (2005) determined that the fraction of time that daily streamflow exceeds 
mean annual streamflow in the Puget Lowland, Washington was less than 30% in 
urbanized streams while greater than 30% in rural streams. Levell and Chang (2008) 
found a restored stream reach in Johnson Creek, Portland to be more stable than an 
impacted reach, but still showed signs of sedimentation and aggradation compared to a 
reference reach. In contrast, in their study of urban versus rural streams in Vancouver, 
B.C. Finkenbine et al. (2000) claimed that urbanization had led to improved spawning
conditions for fish in stream that are 20 years post development citing little new fine 
sediment input, though they identify lower baseflow and less large woody debris in these 
urban streams. Ogden et al. (2011) recognized the contradictory conclusions found in 
research regarding storm and flood runoff and found that imperviousness and 
urbanization significantly affects flood peaks for both moderately extreme and extreme 
rainfall events. Ferreira et al. (2018) found that in an urban environment, 17% - 29% of 
rainfall becomes storm runoff, whereas in a peri-urban environment, 9-13% of rainfall 
becomes storm runoff. Aulenbach et al. (2017) found that increases in storm hydrologic 
metrics (peak streamflow, stormwater yield, storm runoff) were related to increases in 
effective impervious surface, while decreases in the same metrics were related to 
increases in best management practice (BMP) implementation. They found that for every 
1% increase in watershed effective impervious drainage area (EIA), it would take 
approximately a 2.6, 1.1, and 1.5% increase in EIA treated by BMPs to mitigate the 
effects of additional EIAs (on peak streamflow, stormwater yield, and storm runoff, 
respectively). Bhaskar et al. (2016) found that predicting what will happen to baseflow is 
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dependent on the city in question – in certain circumstances urbanization can increase 
baseflow or decrease baseflow dependent on sewershed, water table height, climate and 
geology. The effects of urbanization on streams are numerous and sometimes 
contradictory (Redfern et al. 2016). Thus, further research on these metrics can help to 
pinpoint statistically significant relationships of discharge characteristics in an urban 
setting. 
Water temperatures in urban areas can be significantly higher than their rural 
counterparts. Water temperatures in streams are cyclic in nature, increasing and 
decreasing with the changing seasons. Water temperatures also vary from natural sources, 
such as geology and groundwater inputs and snowmelt (Caissie 2006; Lee and Synder 
2009), but also vary due to human impacts to the urban environment such as warm waste 
water inputs, deforestation and reduced streamside shade, warm stormwater runoff, and 
climate change (Morrill, Conklin and Bales 2005; Nelson and Palmer 2007; Somers et al 
2013; McGrane 2016; Chang, Watson and Strecker 2017; Brans et al 2018). While 
overall stream health depends on a complex combination of geomorphology, hydrology, 
and water quality, stream temperature is a cornerstone to stream health as it controls 
many biotic and abiotic processes (Caissie 2006; Nelson and Palmer 2007; Jackson et al. 
2016). Brans et al. (2018) in northern Belgium found that urban ponds were on average 
3ºC higher compared to rural ponds. In their study of 40 rivers, Kaushal et al. (2010) 
found significant increases in monthly river temperature at 20 locations around the 
United States with at least 24 years of record. Most studies have not looked in depth at 
anthropogenically altered watersheds and compared trends in stream temperature and 
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streamflow directly. High stream temperatures can be detrimental to aquatic species, 
including plants, benthic macroinvertebrates, and fish (Caissie 2006; Kaushal et al. 2010; 
Jackson et al. 2016; Chang, Watson and Strecker 2017). Increases in water temperature 
influence species abundance and spatial distribution, alter stream metabolism and nutrient 
cycling, and reduce dissolved oxygen (Morrill et al. 2005, Caissie 2006; Culler et al. 
2018). In a city, a perfect storm of problematic effects of urbanization come together to 
degrade these aquatic ecosystems. To put it succinctly, urban areas have less infiltration 
and groundwater recharge, altered base flow, which when combined with the urban heat 
island effect and warmer stormwater runoff lead to overall flashier hydrologic regimes 
and warmer streams (Figure 1). 
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Figure 1: Conceptual diagram of major processes and systems of water in urban landscape 
In their study of freshwater salmon in Washington State, Mantua et al. (2010) considered 
both streamflow and summertime stream temperature extremes and concluded that a 
changing climate conducive to lower flows and warmer stream temperatures will reduce 
salmon reproduction success. Honea et al. (2016) predicted that increases in air 
temperatures and winter precipitation will lead to higher flows during the egg-incubation 
period in the salmon's life cycle, and lower flows with higher stream temperature during 
summer.  
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The relationship between discharge and stream temperature is unquestionable. Typically, 
higher discharge is associated with lower stream temperatures because of increased 
thermal capacity and decrease travel time of flow, although air temperature, precipitation, 
flow, solar radiation, and land‐use can all affect stream temperature (Caissie 2006; 
Nelson and Palmer 2007, Webb and Nobilis 2007; Johnson and Wilby 2015; Gray, 
Robertson, and Rogala 2018; Winfree et al. 2018). Previous research has examined the 
relationship between air temperature and stream temperature for large geographical areas. 
These research studies have generally found strong relationships between the two, such 
that one is able to accurately use air temperature alone to predict stream temperature 
(Mohseni, Stefan, and Erickson 1998; Morrill, Bales, and Conklin 2005). Other research 
has further employed the addition of discharge to model stream temperature (Webb, 
Clack, and Walling 2003, Van Vliet et al. 2011, Sohrabi et al. 2017, Chang, Watson, and 
Strecker 2017, Piotrowski and Napiorkowski 2019). Most of these studies rely on the 
landmark study of Mohseni, Stefan, and Erickson (1998), who created a nonlinear 
regression model to represent the relationship of air temperature and stream temperature. 
Many adapted multiple regression nonlinear models for stream temperature that includes 
both air temperature and discharge has been successful, especially to model stream 
temperatures during periods of discharge extremes (Webb, Clack and Walling 2003, Van 
Vliet et al. 2011, Kelleher et al 2012, Piotrowski and Napiorkowski 2019). This study is 
novel as it investigates four separate indicators of urban streamflow and stream 
temperature, that have not been examined thus far in the study area. Additionally, 
examining distinct models of thermal sensitivity throughout both watersheds contributes 
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to new understanding of thermal controls in both watersheds that can be helpful to inform 
numerous agencies in charge of watershed and resource management. 
This thesis explores these complex relationships by asking three main questions: 
1. Are there trends of streamflow and stream temperature metrics in the Johnson
Creek and Tualatin River watersheds, and how do these trends vary at different
temporal scales?
2. How sensitive is stream temperature to changes in air temperature and discharge?
3. How does thermal sensitivity vary along an urban/rural gradient?
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2. Study Area
Figure 2: Study site of Tualatin River Watershed and Johnson Creek Watershed. 
TR1: Scoggins Creek below Henry Hagg TR2: Tualatin River near Dilley TR3: Fanno Creek at Durham 
TR4: Tualatin River at Oswego Dam TR5: Tualatin River at West Linn JC1: Johnson Creek at Milwaukie 
JC2: Johnson Creek at Sycamore JC3: Kelley Creek at SE 159th Dr JC4: Johnson Creek at Regner Rd 
The Johnson Creek Watershed and the Tualatin River Watershed (Figure 2) are 
located within Oregon’s Portland Metropolitan Area as part of the greater Willamette 
River Watershed. Land use and hydroclimatic characteristics in the two watersheds are 
shown in Table 1 (Homer et al. 2015). 
12 








































25 30 27 1836 134 41.0 11.6 985.0 272 
Johnson 
Creek 
67 15 15 140 38 2.2 12.4 916.9 1214 
Discharge data provided from the US geological survey. Air temperature and precipitation data provided by 
the Northwest Regional Climate Center 1981-2010 30-year normals. Population density calculated by 
dividing population of watershed by the watershed area. 
The Johnson Creek and Tualatin River watersheds are characterized by a wet, 
cool season from October to March and experiences a drought season during summer 
months. The Tualatin River watershed and the Johnson Creek watershed both experience 
greatest precipitation inputs from October to March, with highest streamflow occurring 
during the winter and typical low flows during the summer. These two watersheds are 
largely fed by rainwater precipitation and rarely experience regular snow accumulations 
(Chang 2007). From 2000 to 2010 alone, the Portland Metropolitan area including 
Portland, Hillsboro and Vancouver, WA experienced a 15.5% increase in population 
alone (Population Research Center 2019). From 2006 to 2011, any form of land cover 
change was primarily the conversion to further developed land cover classification in 
both watersheds (Homer et al. 2015).  
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3. Data and Methods
3.1 Data 
Primarily, 10 USGS stations located in the Johnson Creek and Tualatin River Watersheds 
provided data used in long term analysis and thermal sensitivity analysis. Daily air 
temperature and precipitation data from the Portland International Airport was 
downloaded from the National Oceanic and Atmospheric Administration’s (NOAA) 
Climate Data Online website. These stations summarized in Table 2: 
Table 2: Data sources 







Johnson Creek Watershed 
14211550 Johnson Creek at Milwaukie 137.7 1998 - 2018 1990 - 2018 
14211500 Johnson Creek at Sycamore 69.4 1998 - 2018 1940 - 2018 
14211499 Kelley Creek at SE 159th 12.2 2000 - 2018 2000 - 2018 
14211400 Johnson Creek at Regner Rd 39.8 1999 - 2018  1998 - 2018 
Tualatin River Watershed 
14202980 Scoggins Creek below Henry 
Hagg 
100.5 2002 - 2018 1975 - 2006 
14203500 Tualatin River near Dilley 323.7 1963 - 1968, 
2016 - 2018 
1939 - 2018 
14206900 Fanno Creek at 56th 61.4 - 1990-2018
14206950 Fanno Creek at Durham 81.5 2002 - 2018 2000 - 2018
14207500 Tualatin River at West Linn 1833.7 1963 - 1968, 
1975 - 1981 
1928 - 2018






Portland International Airport 1940-2018 1940-2018 
3.2 Metrics 
Discharge and stream temperature metrics were derived on a yearly as well as 
monthly basis. Certain metrics were only derived for specific months as their significance 
is most valuable during certain months, such as stream temperature metrics during 
summer months when temperatures are at their maximum. A total of 11 additional 
locations of stream temperature data in the Tualatin River watershed primarily located in 
smaller tributaries are included for their limited period of record for comparison with 
stream temperature metrics. 
Table 3: Metrics derived from stream temperature, discharge, and precipitation data 
Dataset Resolution Derived Metrics Season Associated Literature 
Discharge Daily Baseflow index 
Richards-Baker 
Flashiness Index 






Chang and Psaris 2013, Poff 1996 
Baker et al. 2004 
Velpuri and Senay 2013, Chang 2007 
Lee and Snyder 2009, Konrad et al. 
2005, Chang 2007 
Stream 
Temperature 
Daily # of days exceeding 17.8 
C 
7-day moving average of
daily maximum stream
temperature








Watson and Chang 2017, Grabowski 
et al 2016 
Watson and Chang 2017, Chang and 
Psaris 2013,  
Grabowski et al 2016, OR DEQ 
Grabowski et al 2016 
Grabowski et al 2016, Baker et al. 
2004 
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3.2.1 Discharge Metrics 
Four metrics were extracted from daily discharge data. A baseflow index (BFI), 
after Poff 1996 and Chang and Psaris (2013), is the minimum daily flow divided by the 
average annual daily flow (equation 1) and is shown in Figure 3. BFI is a proxy for 
groundwater contributions to the stream. Streams with a low BFI may be more at risk to 
changes in air temperature, especially during the warmer summer months (Chang and 





The Richards-Baker flashiness index (equation 2) is dimensionless and measures 
the oscillations in discharge relative to total discharge (Baker et al. 2004). Hydrographs 
that are flashy are typical in streams that have considerable human alteration such as dam 
construction or land use change (Baker et. al 2004). Human alteration that negatively 
affects a natural flow regime in a stream (i.e., flashiness) can negatively influence these 
native aquatic flora and fauna communities (Poff et al. 1997, Baker et al. 2004).  








Where q=discharge, qi=daily mean discharge for day i and qi-1= daily mean discharge at 
day i − 1.  
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The mean runoff ratio, or runoff coefficient is measured as the percentage ratio of 
runoff depth to precipitation for the watershed area that drains to the stream gauge. 
Trends of changes in this attribute can be attributed to human or water management 
changes in a watershed, with higher runoff ratios typically occurring in more urbanized 
watersheds with higher impervious surface coverage as less water infiltrates into the 
ground (Chang 2007, Velpuri and Senay 2013).  
The fourth discharge metric is fraction of time that streamflow exceeds the mean 
streamflow (TQmean) and has also been described as another way to measure flashiness. 
Ratios below 30% are typical of urbanized streams (Konrad et al. 2005, Chang 2007). 
3.2.2 Stream temperature Metrics 
Four stream temperature metrics will be extracted from USGS stream temperature 
data. The 7-day moving average of daily maximum (7DADTmax) and daily minimum 
(7DADTmin) stream temperature will represent the extreme temperatures recorded at 
each gauging station (Chang and Psaris 2013, Grabowski et al. 2016, Watson and Chang 
2017).  
The number of days with 7-day moving average of daily maximum temperature 
exceeding 17.8℃ will be used as in Grabowski et al. (2016) and Watson and Chang 
(2017) as a biological metric of salmon health as it is used by the Oregon Department of 
Environmental Quality (Oregon Department of Environmental Quality 2006).  
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Thermal flashiness, developed by Grabowski et al. (2016) is a derivation of 
Richards-Baker Flashiness Index of Baker et al. (2004) meant to represent the inter-daily 
range of mean stream temperatures is shown by equation 4: 
Thermal flashiness, for all i = sum (Ti-Ti-1)/sum (Ti) Equation 3 
where Ti= daily mean temperature for day i and Ti-1= daily mean temperature at day i − 
1 (Baker et al. 2004; Grabowski et al. 2016). Typically, headwater streams will show 
greater inter-daily range of temperature as they are more thermally sensitive to air 
temperature (Grabowski et al. 2016). 
3.3 Mann-Kendall trend analysis 
Long term trend analyses were conducted using the Mann-Kendell trend test. The 
Mann-Kendall test is a non-parametric, rank-based test to detect monotonic increasing or 
decreasing trends. We derived eight metrics (four stream temperature and four discharge 
described in Table 3) and analyzed for detecting monotonic trends for various USGS 
gauging stations in the study watersheds. Due to varying length of record of stream 
temperature and discharge across all stations, Mann-Kendall tests were run for the entire 
period of record for all stations to understand any apparent existing trends individually, as 
well as for all stations since 2002 to be able fairly compare trends across the landscape. 
The Mann-Kendall test statistic, τ range from -1 to 1, with a positive value indicating a 
positive monotonic trend and a negative value indicating a negative monotonic trend 
18 
(Yue, Pilon and Cavadias 2002; Lee and Synder 2009). τ values near zero indicate no 
trend. The statistical significance of the trend is based on the p-value, with p-values set a 
0.01, 0.05, and 0.10, indicating a statistically significant trend. Lower significance levels 
such as the 0.1 level are common for the Mann-Kendall test for hydrologic exploration 
(Yue, Pilon and Cavadias 2002). Mann-Kendall trend tests are frequently used in place of 
linear regression on hydro-climatological time series data due to its ability to better deal 
with outliers and non-normal distribution (Chang 2007; Yue, Pilon, and Cavadias 2002; 
Yue et al. 2002; Hamed 2007; Razavi and Vogel 2018; Kaushal et al 2010; Esterby 1996; 
Khaliq, Ouarda, and Gachon 2009) Since Mann-Kendall trend tests require serial 
dependence, which often times is violated in hydrologic trend detection, the Yue-Pilon 
pre-whitening approach to determine trends with Mann Kendall analysis was utilized 
using the zyp package using R programming software version 3.5.1 (Yue et al. 2002; R 
Core Team 2018; Bronaugh and Werner 2019). This method first detrends the time series 
prior to pre-whitening to provide a more accurate estimate of trend that is not influenced 
by positive serial autocorrelation nor removed entirely by pre-whitening. After pre-
whitening, the trend is placed back into the time series for the Mann-Kendell test. 
3.4 Quantifying thermal sensitivity with nonlinear regression 
For research question 2, bivariate nonlinear regression, modeled after Mohseni et 
al. (1998) (equation 4) was used to quantify the relationship between air temperature and 
stream temperature and assess stream’s unique thermal sensitivity. In this model, air 
temperature is linked to water temperature since both are responding to similar energy 
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balance components (Caissie, El-Jabi, and Satish 2001). Kelleher et al. (2012) defined 
thermal sensitivity as “the sensitivity of stream temperature of a given site to change in 
air temperature, quantified as the slope of the regression line between air temperature and 
stream temperature”. This nonlinear regression can be better than simple linear regression 
at modeling stream temperature because it more accurately predicts high stream 
temperatures (>20℃) as well as low temperatures (<0℃), which tend to level out as they 
approach the upper and lower temperature bounds (asymptotes) of the fitted sine function 
(Mohseni et al. 1998; Mohseni et al. 1999). Using this nonlinear regression, the position 
of events in the time series is not important, whereas time series-based or predictive 
models make use of the serial autocorrelation inherent in stream temperature data 
(Caissie, El-Jabi, and Satish 2001). The nonlinear equation for stream temperature is as 
follows: 




where Ts=estimated stream temperature, Ta=measured air temperature for the period of 
interest. Four parameters: µ=minimum stream temperature; α=maximum stream 
temperature; ℽ=function of the steepest slope (inflection point) of the Ts function (when 
plotted against Ta); and 𝛃=air temperature at this inflection point. This nonlinear 
equation was also modified to include a separated discharge term that allows for the 
inverse relationship between discharge and stream temperature to be modeled in addition 
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to air temperature as in van Vliet et al. (2011) (equation 5). An inverse function was 
chosen as opposed to a negative function of discharge, as it reflects a reduction in thermal 
capacity and reduced dilution capacity for anthropogenic heat sources that exist in urban 
watersheds (van Vliet et al. 2011). 











Equation 5 shows the modified bivariate nonlinear regression, where µ= lower bound of 
water temperature (°C);  α=upper bound of water temperature (°C);  ℽ=measure of the 
slope at inflection point (steepest slope) of the S-shaped relation (C1); 𝛃 air temperature 
at inflection point(°C); η =  fitting parameter (°C m³s-¹); Tw = water temperature (°C); 
Tair =air temperature (°C); Q= river discharge(m³s-¹)ε=error term (℃) and tan 𝛉=slope 
at inflection point (-) (Van Vliet et al. 2011). Tan 𝛉 in equation 5 is analogous to the 
slope coefficient in a linear regression and represents thermal sensitivity (Kelleher et al. 
2011). 
 Models were created for both the entire year of record for each station as well as 
for the only summer months when stream temperatures are highest. Additionally, the 
nonlinear regression was compared to a simple ordinary least squares regression for both 
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time periods. Equations were also fitted with the inverse discharge parameter to compare 
to equations without the influence of discharge. The 7-day moving average of daily 
maximum stream temperature and 7-day average of daily maximum air temperature were 
modelled, as well as the raw daily values of maximum stream temperature and maximum 
air temperature. This results in a total of 16 regression equations for each of six stations 
included in analysis. In situ air temperature data is not necessary as other studies have 
found good agreement between air and water temperature data for distances of up to 
270km (Mohseni, Stefan, and Erickson 1998; Kelleher et al. 2012). The distance from the 
furthest gauging station and Portland International airport is just under 20 kilometers.  
To compare model performance across different models, the root-mean-square 
error (RMSE) was calculated using the package hydroGOF in R and is commonly 
employed as an alternative for goodness of fit in hydrology (Caissie, El-Jabi, and St-
Hilaire 1998; Caissie, El-Jabi, and Satish 2001; Morrill, Bales, and Conklin 2005; 
Ahmadi‐Nedushan et al. 2007; Benyahya et al. 2007; Zambrano-Bigiarnini 2017). RMSE 
is given by: 
𝑅𝑀𝑆𝐸 = √




where Tobs is observed values and Tsim is modelled values at time/place i. A smaller 
RMSE indicates a better model performance, with RMSE in units of the simulated and 
observed values, in this case, degrees celsius (Zambrano-Bigiarnini 2017). Standard 
goodness of fit indicators, such as the coefficient of determination, R2, cannot be used to 
accurately compare across ordinary least squares and nonlinear regression. Standardized 
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coefficients of linear multiple regression of stream temperature are summarized in Table 




4.1 Trend of streamflow and stream temperature 
The results of the Mann-Kendall trend tests for each station since 2002 are 
summarized in Tables 4 through 12. Trends since the entire period of record for each 
station are shown in the appendix. Values in red indicate a statistically significant 
increasing trend and values in blue indicate a statistically significant decreasing trend. 
Out of all possible trends, at Kelley Creek, 31% of the discharge trends were significant 
while no temperature trends were significant, at Johnson Creek at Regner Rd, 45% of the 
stream temperature trends were significant and 19% of the discharge trends were 
significant, 50% of the stream temperature trends and 31% of the discharge trends were 
significant at Johnson Creek at Sycamore, and 28% of the stream temperature and 22% of 
the discharge trends were significant at Johnson Creek at Milwaukie. In the Tualatin 
River watershed, 46% of discharge trends were significant, 15% of discharge trends at 
Scoggins Creek below Henry Hagg reservoir were significant, 18% of the discharge 
trends were significant at Fanno Creek at 56th, 25% of discharge trends and 25% of 
stream temperature trends were significant at Fanno Creek at Durham, and 13% of stream 
temperature trends and 32% of discharge trends were significant at the Tualatin River at 
Oswego Dam. 
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Table 4: Mann-Kendall test results for 7 -day moving average of daily maximum temperature October 
2002- September 2018. τ values in red indicate a significant increasing trend and values in blue indicate a 
significant decreasing trend. p is significance level where values are significant at *0.10, **0.05, ***0.01. 
Stations are listed from highest to lowest in each watershed 
Jun Jul Aug Sep Year 
Stations τ p τ p τ p τ p τ p 
7DADmax - Since 2002 
Johnson Creek 
Regner Rd 0.20 0.24 0.47 ** 0.43 ** 0.35 * 
Kelley Cr 0.08 0.13 0.13 0 0.16 
Sycamore 0.22 0.37 ** 0.38 ** 0.42 ** 0.40 ** 
Milwaukie -0.20 -0.34 * -0.32 * -0.73 *** -0.34 *
Tualatin River 
Scoggins Cr 0.10 0.03 0 0.08 -0.13
Fanno Cr Durham 0.18 *** 0.37 0.18 * 0.37 0.50 * 
Oswego Dam 0.10 0.03 0.15 0.25 0.07 
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Table 5: Mann-Kendall test results for 7 -day moving average of daily minimum temperature October 
2002- September 2018. τ values in red indicate a significant increasing trend and values in blue indicate a 
significant decreasing trend. p is significance level where values are significant at *0.10, **0.05, ***0.01 
Jun Jul Aug Sep Year 
Stations τ p τ p τ p τ p τ p 
7DADmin - Since 2002 
Johnson Creek 
Regner Rd 0.17 0.33 * 0.32 * 0.22 0.14 
Kelley Cr -0.13 0.12 0.02 -0.08 0.07 
Sycamore 0.15 0.17 0.33 * 0.23 0.05 
Milwaukie 0.05 -0.07 -0.08 0.08 0.14 
Tualatin River 
Scoggins Cr 0.20 0.20 0.20 0.03 0.03 
Fanno Cr Durham 0.28 0.2 0.20 0.30 0.09 
Oswego Dam 0.10 0.12 0.32 * 0.07 0.02 
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Table 6: Mann-Kendall test results for the total number of days above 17.8C October 2002- September 
2018. τ values in red indicate a significant increasing trend and values in blue indicate a significant 
decreasing trend. p is significance level where values are significant at *0.10, **0.05, ***0.01 
Jun Jul Aug Sep Year 
Stations τ p τ p τ p τ p τ p 
# of Days above 17.8 C - Since 2002 
Johnson Creek 
Regner Rd 0.25 0.08 0.22 0.43 ** 0.40 ** 
Kelley Cr 0.14 0.08 -0.05 0.10 -0.02
Sycamore 0.29 * -0.05 0.06 0.38 ** 0.50 *** 
Milwaukie 0.02 0.03 -0.14 -0.43 ** -0.02
Tualatin River 
Scoggins - - - 0.05 -0.12
Fanno Cr Durham 0.28 0.06 0.36 * 0.26 0.41 ** 
Oswego Dam 0.17 -0.02 - 0.30 -
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Table 7: Mann-Kendall test results for thermal flashiness October 2002- September 2018. τ values in red 
indicate a significant increasing trend and values in blue indicate a significant decreasing trend. p is 
significance level where values are significant at *0.10, **0.05, ***0.01 
Jun Jul Aug Sep Year 
Stations τ p τ p τ p τ p τ p 
Thermal Flashiness- Since 2002 
Johnson Creek 
Regner Rd 0.17 0.08 -0.03 -0.25 -0.17
Kelley Cr 0.12 -0.02 -0.15 -0.15 0.03 
Sycamore 0.13 -0.18 0.02 -0.23 -0.17
Milwaukie -0.15 0.05 -0.15 -0.45 ** -0.25
Tualatin River 
Scoggins Cr -0.27 -0.02 -0.05 -0.02 -0.30
Fanno Cr Durham 0.12 -0.07 -0.16 -0.03 -0.09
Oswego Dam 0.08 -0.05 -0.17 0.30 -0.32 *
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Table 8: Mann-Kendall test results for baseflow index October 2002- September 2018. τ values in red 
indicate a significant increasing trend and values in blue indicate a significant decreasing trend. p is 
significance level where values are significant at *0.10, **0.05, ***0.01 
Jun Jul Aug Sep Year 
Stations τ p τ p τ p τ p τ p 
Base Flow Index - Since 2002 
Johnson Creek 
Regner Rd 0.20 0.03 0.03 0.15 0.02 
Kelley Cr -0.43 ** -0.50 *** 0.37 ** 0.50 *** 0.28 
Sycamore 0.23 0.15 0.28 0.20 0.19 
Milwaukie 0.36 ** 0.22 0.15 0.12 0.08 
Tualatin River 
Dilley 0.45 ** 0.12 0.17 -0.23 0.12 
Fanno Cr Durham -0.27 -0.33 * 0.22 -0.07 -0.68 ***
Fanno Cr 56th -0.18 -0.38 ** -0.12 -0.10 -0.50 ***

































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































4.1.1 Trend in stream temperature 
For 7DADmax post-2002, Regner Rd and Sycamore stations in Johnson Creek 
showed increasing trends for late summer months August and September, and by water 
year, with Sycamore showing a significant increasing trend for July as well. The Durham 
station in the Tualatin River Watershed showed significant increasing trends for June, 
August, and the water year. In contrast, the Milwaukie station in Johnson Creek showed 
significant decreasing trends for July-September, and for the water year. For 7DADmin, 
Regner Rd maintained increasing trends for July and August, while Sycamore and 
Oswego Dam showed increasing trends for August stream temperatures only. 
For the number of days above 17.8 C, Regner Rd and Sycamore stations showed 
significant increasing trends for September and the water year, with an additional 
increasing trend in June for the Sycamore station. Fanno Creek at Durham showed 
significant increasing trends in August and the water year. Again, Milwaukie showed a 
significant decreasing trend of the number of days above 17.8 C for the month of 
September.,  
Few trends existed for thermal flashiness, with only two significant trends total: a 
significant decreasing trend for the Milwaukie station in September, and a significant 
decreasing trend at the Oswego Dam annually. 
4.1.2  Trend in streamflow 
Baseflow index decreased and increased for different stations across the study 
area. Since 2002, Kelley Creek showed significant decreasing trends in BFI from June-
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July but showed increasing trends for August-September. Both Fanno Creek locations 
showed significant decreasing trends in BFI for July and annually, while Milwaukie, 
Dilley and Oswego Dam showed increasing trends for June. Oswego dam also showed an 
increase in BFI for August. 
For the Richards Baker flashiness index, overall, if trends are present, increasing 
trends generally occurred during the early water year while decreasing trends occurred in 
early winter in the Tualatin River Watershed, and summer months in Johnson Creek 
Watershed. We found five significant increasing trends for October flashiness at Regner 
Rd, Milwaukie, Dilley, Durham, and Oswego Dam stations in both watersheds. For the 
water year, Kelley Cr and Dilley showed significant decreasing trends while Durham 
showed increasing trends. 
Most notably, runoff ratios showed significant increasing trends for the month of 
November for every station in both watersheds. Other trends for this metric seem 
dependent on the station in question in terms of patterns of trends. No annual trends 
appeared for any station annually. 
TQmean appears showed significant trends in flashiness for the month of October 
similar to the results found for the Richard Baker flashiness index. This index appeared to 
pick up on more increasing trends for flashiness for the months of October and November 
post-2002. There were significant decreasing trends of TQmean for January for Regner 
Rd, Kelley Cr, Sycamore, Milwaukie, and Durham stations. 
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4.2 Thermal sensitivity and nonlinear regression 
Results for the nonlinear regression are plotted in Figures 3 through 8, with lines of 
the model relationship drawn above plotted circles of air temperature and discharge 
values. RMSE and thermal sensitivity values are summarized in Table 13 and 14, 
respectively. Table 15 includes the linear models to gain a simple understanding of the 
standardized relationship of model variables.  
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Figure 3: Thermal sensitivity at Kelley Creek 
The top plots show the 7-day moving average values of stream temperature plotted against 7 day moving 
average of daily maximum air temperature, while the bottom plots show raw daily stream and air 
temperature values. The left plots show annual relationships with the right plots show summer 
relationships. Red lines indicate a nonlinear least squares regression of stream temperature vs. air 
temperature, while the purple line shows the nonlinear relationship of stream temperature vs. air 
temperature and discharge. The blue dashed line shows the linear relationship between stream temperature 
and air temperature, while the dashed green line shows the linear relationship between stream temperature 






Figure 4: Johnson Creek at Regner Rd 
The top plots show the 7-day moving average values of stream temperature plotted against 7 day moving 
average of daily maximum air temperature, while the bottom plots show raw daily stream and air 
temperature values. The left plots show annual relationships with the right plots show summer 
relationships. Red lines indicate a nonlinear least squares regression of stream temperature vs. air 
temperature, while the purple line shows the nonlinear relationship of stream temperature vs. air 
temperature and discharge. The blue dashed line shows the linear relationship between stream temperature 
and air temperature, while the dashed green line shows the linear relationship between stream temperature 





Figure 5: Johnson Creek at Sycamore 
The top plots show the 7-day moving average values of stream temperature plotted against 7 day moving 
average of daily maximum air temperature, while the bottom plots show raw daily stream and air 
temperature values. The left plots show annual relationships with the right plots show summer 
relationships. Red lines indicate a nonlinear least squares regression of stream temperature vs. air 
temperature, while the purple line shows the nonlinear relationship of stream temperature vs. air 
temperature and discharge. The blue dashed line shows the linear relationship between stream temperature 
and air temperature, while the dashed green line shows the linear relationship between stream temperature 
vs air temperature and discharge. 
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Figure 6: Johnson Creek at Milwaukie 
The top plots show the 7-day moving average values of stream temperature plotted against 7 day moving 
average of daily maximum air temperature, while the bottom plots show raw daily stream and air 
temperature values. The left plots show annual relationships with the right plots show summer 
relationships. Red lines indicate a nonlinear least squares regression of stream temperature vs. air 
temperature, while the purple line shows the nonlinear relationship of stream temperature vs. air 
temperature and discharge. The blue dashed line shows the linear relationship between stream temperature 
and air temperature, while the dashed green line shows the linear relationship between stream temperature 
vs air temperature and discharge. 
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Figure 7: Fanno Creek at Durham 
The top plots show the 7-day moving average values of stream temperature plotted against 7 day moving 
average of daily maximum air temperature, while the bottom plots show raw daily stream and air 
temperature values. The left plots show annual relationships with the right plots show summer 
relationships. Red lines indicate a nonlinear least squares regression of stream temperature vs. air 
temperature, while the purple line shows the nonlinear relationship of stream temperature vs. air 
temperature and discharge. The blue dashed line shows the linear relationship between stream temperature 
and air temperature, while the dashed green line shows the linear relationship between stream temperature 
vs air temperature and discharge. 
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Figure 8: Tualatin River at Oswego Dam 
The top plots show the 7-day moving average values of stream temperature plotted against 7 day moving 
average of daily maximum air temperature, while the bottom plots show raw daily stream and air 
temperature values. The left plots show annual relationships with the right plots show summer 
relationships. Red lines indicate a nonlinear least squares regression of stream temperature vs. air 
temperature, while the purple line shows the nonlinear relationship of stream temperature vs. air 
temperature and discharge. The blue dashed line shows the linear relationship between stream temperature 
and air temperature, while the dashed green line shows the linear relationship between stream temperature 




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Plots of 7 day moving-average values in Figures 3 through 8 show less scatter than plots 
of raw values. As such, RMSE values across all six stations for all 16 models indicated 
that overall, the fit improved with the addition of discharge to the regression models for 7 
day moving average values. For the models of stream temperature as a function of air 
temperature for yearly data, the nonlinear model of 7 day moving average of stream 
temperature and air temperature had the lowest RMSE. For the models of stream 
temperature as a function of air temperature for summer data, the nonlinear model of 7 
day moving average of stream temperature and air temperature typically also had the 
lowest RMSE, except for Johnson Creek at Sycamore and Fanno Cr at Durham, which 
both had a lower RMSE for the linear 7 day moving average models. For the models of 
stream temperature as a function of air temperature and discharge, again, the nonlinear 
models for 7 day moving average values had lowest for both yearly data and summer 
data, except for the Tualatin River at Oswego dam in summer, which had the lowest 
RMSE for the linear 7 day moving average model.  
Out of all stations for all possible models, four out of six stations showed the 
lowest overall RMSE for the nonlinear 7 day moving average model of stream 
temperature as a function of air temperature and discharge. These four stations are all in 
the Johnson Creek Watershed. The two remaining stations, Fanno Creek at Durham and 
the Tualatin River at Oswego Dam, had the lowest RMSE for a linear models of summer 
stream temperature. The Durham station was lowest for the model only including air 
temperature, while the Oswego Dam station was lowest when including both air 
temperature and discharge. When looking at the yearly data, the lowest RMSE was also 
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for the nonlinear 7 day moving average model of stream temperature as a function of air 
temperature and discharge. 
Kelley Cr, Regner Rd and Sycamore stations in the Johnson Creek watershed and 
Fanno Cr at Durham in the Tualatin River Watershed both had highest thermal sensitivity 
when accounting for discharge, whereas the resultant location’s thermal sensitivity was 
highest when accounting for air temperature alone. Thermal sensitivity values were all 
highest for the nonlinear models and were all higher when accounting for the yearly 
values as opposed to summer values only.  
Linear models with the highest R2 for year and summer were both 7 day moving 
average models. R2 values were above 0.90 for all yearly models and between 0.60 and 
0.70 for the summer linear models. For the summer 7 day moving average models, 
discharge was insignificant for Regner Rd, Kelley Cr, Sycamore and Durham, but highly 
significant for Milwaukie and Oswego Dam at the bottom of each respective watershed. 
Standardized coefficients for discharge were larger for the downstream stations and were 
generally smaller the further up the watershed. The magnitude of discharge coefficients 
was generally larger for models using raw data and were always significant. At all 
stations, air temperature has a larger respective influence on stream temperature 
compared to discharge. This difference is smallest for the Tualatin River at Oswego Dam 
daily summer model where discharge appears to show more of an influence. In general, 
summer daily value models showed discharge having the largest effect of the other three 
models for each respective station. Generally, at each station, summer stream temperature 
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seems more influenced by discharge than any other model for their respective stations, 
although air temperature always has a greater influence on stream temperature. 
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5. Discussion
5.1 Stream temperature and discharge trends
Trends for discharge and stream temperature are helpful to compare directly to 
trends in precipitation and air temperature at Portland International Airport (Table 19). 
Sometimes these trends coincide, while other times they do not. While trends for the 
entire year of record of each station are interesting, it is harder to compare across stations 
and draw meaningful conclusions, so more discussion is devoted to post-2002 trends.  
5.1.1 Stream temperature trends 
Generally, if a stream temperature trend is present, the trend indicates an overall 
warming occurring in stream in both the Johnson Creek and Tualatin River Watersheds in 
summer months. Warming trends in similar, recent literature have also found significant 
increasing stream temperature trends across the globe in Northern Germany (Arora et al. 
2016) the Volga River in Russia (Bui et al. 2018), the Pacific Continental US (Arismendi 
et al. 2012; Isaak et al. 2012), and the entire continental US (Kaushal et al. 2010). The 
Johnson Creek at Milwaukie station showed significant decreasing trends in maximum 
temperature for most summer months post-2002. The decreasing trend in the Milwaukie 
stations is likely due to the complex hydrogeology of Johnson Creek with significant 
groundwater contributions in the lower watershed effectively cooling the stream despite 
warm summer temperatures (Lee and Snyder 2009). A significant increase in baseflow 
index during the month of June may trickle over to the following summer months helping 
to explain decreasing stream temperature trends, though concomitant trends in baseflow 
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are absent for July, August, and September. Additionally, the lower portions of Johnson 
Creek watershed flowing through the Milwaukie station had been developed much longer 
ago, whereas other the three stations likely have gone through more recent land use 
change, which could help explain increasing stream temperature or increasing streamflow 
flashiness trends generally absent at Milwaukie. Additionally, years of installation of 
riparian restoration projects seeking to increase shade throughout the watershed could 
also help to explain reduction in stream temperature metrics. Riparian shade is commonly 
recognized as a successful way to reduce stream thermal sensitivity (Johnson and Wilby 
2015; Woltemeade and Hawkins 2016; Arora et al. 2018; Wondzell, Diabat, and 
Haggerty 2019).  Kelley Creek and Scoggins Creek gauging stations showed no 
significant trends in stream temperature. Both stations are located in the upper portions of 
Johnson Creek and Tualatin River Watershed, respectively. Additionally, water 
temperatures for Scoggins Creek never reach critical high temperature threshold and is 
also located downstream of the dam at Henry Hagg lake that can significantly influence 
and alter the natural stream temperature regime. 
Certain summer increasing trends in stream temperature coincide with highly 
significant increasing maximum air temperature trends in August since 2002 at the 
Portland International Airport, though air temperature trends are absent for the months of 
July, September and annually. Highly significant trends in air temperature are present for 
each summer month and annually since 1940. Other studies have  also concluded air 
temperature as the most important determinant of increasing stream temperature when 
compared to other explanatory variables such as discharge and anthropogenic landcover 
changes (Isaak et al. 2010; Kaushal et al. 2010; Seekell and Pace 2011; Van Vliet et al 
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2011; Arora et al. 2016; Chen et al 2016a; Woltemade and Hawkins 2016; Culler et al. 
2018). While air temperature trends may be able to explain increasing trends in maximum 
and minimum stream temperature metrics, the lack of air temperature trends in July, 
September and annually since 2002 could be attributed to factors other than hydro-
climatological characteristics, such as increasing urbanization and impervious surfaces 
(Kaushal et al. 2010) or changes in land use, which has been discussed in other literature 
in the area (Chang 2007; Chen et al. 2016a; Arora et al. 2018; Wondzell, Diabat, and 
Haggerty 2019).  
For 7DADmax, the increasing trend at Johnson Creek at Regner Rd in August 
appeared to coincide with an increasing trend in 7DADmin, while the September and 
annual increasing trends also coincided with increases in the number of days above 17.8 
℃.  Late summer stream temperatures appear to be increasing generally, which is picked 
up by multiple stream temperature metrics. No significant simultaneous trends in 
baseflow index coincided with these increasing temperature trends so stream temperature 
trends may not be strongly related to any trends in discharge. Correlations of trends of 
stream temperature metrics and baseflow index trends, including lagged monthly 
relationships were not significant (not shown), which may further indicate that changing 
land cover characteristics as possible explanatory variables could explain these trends and 
warrant further investigation. This absence of discharge trends could be due to depleted 
soil moisture, soaking up precipitation as it falls on surfaces, and allowing for less water 
to flow in streams. The highly significant decreasing trend in precipitation in August 
coupled with the increasing trend in August air temperature could be largely to contribute 
to these increases in stream temperature. The significant increasing trends in stream 
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temperatures found in this study is noteworthy and can have negative implications for 
water quality and aquatic biota under a changing climate (Isaak et al. 2012; Chang, 
Watson and Strecker 2017). 
5.1.2 Discharge trends 
In general, stream temperature trends do not appear to coincide with any 
significant base flow index trends. This indicates that discharge, specifically baseflow, is 
not explicitly causing any increases trends in stream temperature in both the Johnson 
Creek and Tualatin River watersheds. Other work in the study area has addressed trends 
in discharge. Velpuri and Senay (2013) found significant decreasing trends in runoff ratio 
for the Tualatin River from 1950-2009. Additionally, Chang (2007) found one significant 
trend of wet season runoff ratio for Tualatin River at Dilley station from 1951-2000. In 
this study no annual trends were found for runoff ratio for any station for its entire period 
of record, nor since 2002. Lee and Snyder (2009) found no evidence for any trends of 
runoff ratio or TQmean for the Sycamore station in Johnson Creek, though Chang (2007) 
found a significant decreasing trend in TQmean from 1951 to 1975, and a significant 
increasing trend from 1976-2000. While we found no annual trends in runoff ratio nor 
TQmean at the Sycamore station during either the annual or monthly time period, a 
significant increasing trend in TQmean was found annually at Kelley Creek since 2002, 
suggesting some changes to equilibrium in more recent years, such as the continued 
recent development of the Kelley Creek watershed in the early 2000s (Levell and Chang 
2008). It is important to remember that trends are sensitive to the time period under 
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investigation as well as climate variability (e.g El Nino) influencing the study area 
(Chang 2007, Velpuri and Senay 2013). 
One noteworthy discovery shows every station in both watersheds with discharge 
records show significant increasing runoff ratio for the month of November. Five out of 
eight of these stations with a significant increasing runoff ratio trend for November 
(Kelley Cr, Sycamore, Milwaukie, Dilley and Oswego Dam) also showed highly 
significant increasing trends of TQmean in November. This means that at these five 
stations in November since 2002, these stations are experiencing an increasing proportion 
of runoff to streams from precipitation as well as increasing time that streamflow is 
greater than mean stream flow which is somewhat contradictory to what one might 
expect if urbanization and impervious surface runoff was to blame. Typically, higher 
TQmean (in this case, increasing trends in TQmean) is indicative of more suburban 
streams (Konrad et al. 2005). No significant increasing trends in precipitation were found 
for the month of November, which could explain these increases. In October, increasing 
trends in TQmean is also occurring at seven out of eight stations except for the Dilley 
station. These streams are all generally urbanizing areas, so increases in TQmean likely 
coincide to increases of October precipitation at PDX since 2002 (Table 19). Cooley and 
Chang (2017) also found there to be highly significant increasing trends in October 
precipitation intensity and monthly precipitation volume in the study area in October 
months. The significant November trends found in this study may indicate a trickle effect 
from the increased precipitation in October. Since these two months are at the beginning 
of the water year, this finding may have important implications for shifting water quality, 
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such as increased early season turbidity. Further explorations of this implication should 
be considered in future research throughout the two watersheds. 
5.2 Relation between stream temperature, air temperature and discharge
Evaluating results from linear regression helps to gain preliminary estimates of 
the relationship between stream temperature, air temperature and discharge (Kelleher et 
al 2012). By looking at the standardized coefficients of air temperature and discharge, it 
is apparent that air temperature had a much larger influence on stream temperature than 
does discharge, which is in line with other literature, especially of streams of similar 
order and drainage area (Ahmadi-Nedushan et al. 2007; Isaak et al. 2010; Kaushal et al. 
2010; Koch and Grenewald 2010; Seekell and Pace 2011; Van Vliet et al 2011; Arora et 
al. 2016; Chen et al 2016a; Letcher et al. 2016; Naresh and Rehana 2017; Culler et al. 
2018).  
Based on RMSE, nonlinear modelling produced a better fit than did a simple 
linear model at all stations when looking at daily data for all years. This supports 
previous works that the air-stream temperature, and sometimes discharge, relationships 
are better fitted with a sine function than a linear function (Mohseni, Stefan and Erickson 
1998; Morrill Conklin and Bales 2005; Keller et al. 2012; Zeiger et al. 2016). The 
nonlinear model including discharge showed a lower RMSE though the degree that 
discharge improved models declined as a stream’s thermal sensitivity increased (van 
Vliet et al 2011; Hilderbrand 2014). Research has shown that discharge has a larger effect 
on stream temperature in larger basins with greater discharge, which could explain that 
while it may improve model fit, generally the magnitude of impact is still quite small 
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(Web, Clack, and Walling 2003; Van Vliet et al. 2011). While discharge improved the 
nonlinear models which also had the lowest RMSE, standardized coefficients of air 
temperature and discharge in linear multiple regression models further showed air 
temperatures importance in determining stream temperature, though like other studies, 
discharge’s relative impact on stream temperature was generally more significant in 
summer when discharge is lower compared to the whole year (Webb, Clack and Walling 
2003; Culler et al. 2018, Van Vliet et al. 2011). Models with the lowest RMSE for 
summer values were generally a mixture of nonlinear and linear regression models, 
showing that the relationship between stream temperature and air temperature becomes 
more linear in certain areas of the watersheds. The outperformance of nonlinear models 
by linear models in the region has been shown in other recent literature, specifically 
Fanno Creek in the Tualatin River watershed (Piotrowski and Napiorkowski 2019). The 
amount of variance explained is much greater when accounting for the entire years’ 
worth of data. Less variance is explained in summer which indicates that other variables 
may need to be accounted for to improve model fit in models’ summer thermal 
sensitivity. 
5.3 Thermal sensitivity along an urban-rural gradient 
When examining thermal sensitivity values, thermal sensitivity generally 
increases from upstream to downstream as the streams accumulate thermal energy 
(Hilderbrand et al. 2014). This is evident in the many thermal sensitivity models in this 
study. Hilderbrand et al. (2014) found that lower thermal sensitivity values were related 
to steep stream channel gradients and higher proportions of forest area in their respective 
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watersheds. Higher slope and rugged terrain can allow for less interaction with air 
temperatures as water quickly drains from the landscape (Hilderbrand et al. 2014; Meier 
et al. 2003). Indeed, gaging stations in these areas have greater contributing forest 
coverage and higher mean slope.  
Thermal sensitivity values are different depending on the model used. Generally, 
for the upstream Regner Rd, Kelley Cr, Sycamore and Fanno Creek at Durham stations, 
thermal sensitivity is greater when accounting for discharge. For Johnson Creek at 
Milwaukie and Tualatin River at Oswego Dam, thermal sensitivity is greater without 
discharge. This is most likely due to the inverse function of discharge included in the 
nonlinear regression models. As more discharge flows through the lowest stations of both 
Johnson Creek and Tualatin Rivers, the inverse function likely lowers thermal sensitivity, 
reflecting larger stream’s increased thermal capacity from the rural headwaters to the 
urbanized outlets (Webb, Clack and Walling 2003).  
5.4 Implications for watershed management 
It is important to be able to identify a stream’s thermal sensitivity, especially 
when considering impending climate change. Aquatic plants and animals in streams with 
higher thermal sensitivity are more at risk with rising air temperatures (Kelleher et al. 
2012; Chang and Psaris 2013; Hilderbrand et al. 2014; Chang, Watson and Strecker 
2017; Piotrowski and Napiorkowski 2019). On the contrary, streams with lower thermal 
sensitivities may be more resilient to climate change. Based on the average values of 
thermal sensitivity at each location, the Regner Rd and Sycamore stations are more 
sensitive to air temperature than the other two stations in the Johnson Creek watershed, 
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while the Fanno Creek at Durham location is more sensitive than the Oswego Dam in the 
Tualatin River Watershed. This seems to indicate that thermal sensitivity is at least in part 
a function of watershed size. Watershed managers, knowing of streams’ thermal 
sensitivities, may be better able to funnel resources into areas of the watershed that are 
more at risk with restoration practices to reduce air temperatures influence on stream 
temperature, such as tree planting to encourage shade (Johnson and Wilby 2015). 
Knowledge of more sensitive areas may also help local government be more efficient in 
their responsibilities of protecting EPA endangered and threatened species.  
Knowledge of trends related to stream temperature and discharge at certain 
locations of both watersheds can also help to elucidate the site-specific issues that may 
exist or may worsen, calling for more specialized restoration practices in distinct 
locations. The increasing temperature trends at the Sycamore, Regner Rd and Durham 
stations couple with increased thermal sensitivity will be something to watch in the 
warming climate to come. 
By investing smarter in the environment, other ecosystem services are guaranteed 
to benefit the surrounding community. While direct restoration, or other best 
management approaches towards watershed protection may meet specific project or 
government goals, other ecosystem services, such as urban heat mitigation, health 
benefits, improved wildlife connectivity, green space and recreation and increasing 
property values are sure to benefit the residents of the community as well as the 
economy.  
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5.5 Suggestions for future research 
As stream temperature and discharge modelling is complex, further exploring the 
spatial relationship of stream temperature metrics and thermal sensitivity can help to 
explore what, if any, landscape controls exist on stream temperature and discharge. 
Spatial modelling can also help further explain the nuances inherent in the urban-rural 
gradient. The lower R2 values of summer thermal sensitivity models indicate that the 
introduction of additional explanatory variables can help to explain further thermal 
sensitivity variance. Exploring landscape characteristics such as land use, imperviousness 
and topography, are likely candidate variables. This type of analysis would require more 
site-specific data throughout the watershed but would have important implications to 
further pinpoint and categorize specific reaches to guide best management practices for 
improving water quality. Additionally, many other models of varying complexity can be 
utilized, which may better model stream temperature, air temperature and discharge 
relationships at each specific location (e.g. Arora et al 2018; Piotrowski and 
Napiorkowski 2019). Further extrapolating models for climate change applications could 
help to inform future water quality conditions and could further inform research by use of 
time series analyses (Ahmadi-Nedushan et al 2007; Benyahya et al. 2007; Cole et. al. 
2014; Elga, Jan, and Okke 2015; Valipour 2015; Chang, Watson and Strecker 2017; 
Wang, Qiu, Li 2018).  
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6. Conclusions
This research takes advantage of spatially and temporally detailed data to offer better 
understanding of local discharge and temperature trends and relationships that can inform 
watershed managers and planners of changing water resources and their implication on 
aquatic habitat and species, and water resources. This research showed significant stream 
temperature and discharge trends, some of which could be associated with hydro-
climactic trends, and some of which do not coincide with any trends in air temperature 
nor precipitation. For example, certain increasing trends in 7 day moving average of daily 
maximum stream temperature can be associated with increasing August trends in air 
temperature and decreasing trends in August precipitation, but no significant increasing 
trends in air temperature were found in July, September, or annually. Interesting trends in 
streamflow were also found, with increases in runoff ratio and TQmean in early fall. All 
stations post 2002 showed increasing runoff ratio for November. Some of these trends 
coincide with recent increases in October precipitation intensity (Cooley and Chang 
2017), though no significant increases in November precipitation were detected. Further 
research is needed to better explore the relationships between stream temperature and 
landscape characteristics that could exacerbate or be the cause of these increasing or 
decreasing trends as the controls on stream temperature and discharge are complex.  
Further modelling shows that stream temperature is more sensitive to air 
temperature compared to discharge. Stations with larger contributing area showed 
increased thermal sensitivity without including discharge, whereas higher thermal 
sensitivity was found at stations with smaller contributing areas while accounting for 
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discharge. Overall, models improved when including discharge, though some summer 
models were best modelled by linear equations as summer stream temperature air 
temperature relationships are more linear. 
Generally, thermal sensitivity values increased from upstream rural to 
downstream urban areas, though thermal sensitivity values, as well as RMSE are different 
depending on the data used, the model used, and the time period examined. Increasing 
temperature trends at the Johnson Creek at Sycamore, Johnson Creek at Regner Rd, and 
the Fanno Creek at Durham stations showed significant increasing trends in seven day 
moving average of daily maximum. These stations also had generally higher thermal 
sensitivity values. As such, these stations may be more at risk in terms of climate 
warming and could be labeled as “at risk” reaches. While this research has significant 
implications for current and future water quality, further exploring the spatial relationship 
of thermal sensitivity and other stream temperature metrics across the watershed could 
better inform best management practices in these urbanizing watersheds and identify 
resilient (low temperature, low sensitivity) sites versus at risk (high temperature, high 
sensitivity) sites. 
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II. Spatial analysis of thermal sensitivity in Johnson Creek Watershed, Oregon
1. Introduction
On a global scale, cities are growing and continuing to urbanize, which can 
critically impair water systems and water quality in these urbanized areas (Pickett et al. 
2001; Caissie 2006; Nelson and Palmer 2007; Grimm et al. 2008; McGrane 2016; United 
Nations 2018). Many urbanizing streams are suffering or at the danger of suffering from 
the ‘urban stream syndrome’, characterized by changes to discharge regimes, higher 
concentrations of pesticides, herbicides and fertilizers, the growth of invasive species, 
declining water quality and destruction of geomorphological function (Paul and Meyer 
2001; Walsh et al. 2005). Of interest in this study is declining water quality in terms of 
stream temperature’s sensitivity to changes in air temperature, or thermal sensitivity.  
Thermal sensitivity can be best explained as the slope of the regression line 
(relationship) between air temperature and stream temperature. It is widely accepted that 
the slope of the linear regression of air temperature and stream temperature is further 
complicated by site characteristics (land use, topography, shade) that either builds stream 
resilience or promotes stream susceptibility to atmospheric heat exchange and warming 
(Kelleher et al. 2012; Chang and Psaris 2013). For example, streams in urban 
environments may be warmer than they would otherwise be due to industrial waste water 
inputs, stormwater runoff, the urban heat island affect, artificial ponds, and climate 
change. Streams with high inputs of these anthropogenic changes may be more sensitivity 
to air temperature (Morrill, Conklin and Bales 2005; Caissie 2006; Nelson and Palmer 
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2007; Brans et al. 2018). This relationship with the environment has important 
implications for identifying resilient or susceptible reaches, particularly in the context of 
a warming climate in the Pacific Northwest (Rana et al. 2017). In Johnson Creek, certain 
portions of the creek regularly exceed the salmon and trout rearing and migration 
criterion (18 ℃), but even small increases in water temperatures can create 
physiologically stressful conditions for stream biota (Kaushal et al. 2010; Mantua et al. 
2010; Honea et al. 2016; Chang, Watson and Strecker 2017; Culler et al. 2018). Better 
understanding the thermal regime of streams, specifically a reaches’ thermal sensitivity, 
is becoming increasingly vital as environments adapted to particular climates are 
expected to warm and aquatic biota are further threatened by inhospitable habitat. 
There are many ways to model stream temperature in urbanizing watersheds with 
varying strengths along a continuum of ease and accuracy (see Esterby 1996; Caissie 
2006; Benyahya et al. 2007; Webb et al 2008; Elga, Jan, and Okke 2015; Gallice et al. 
2015; Piotrowski and Napiorkowski 2019). Air temperature is commonly employed as an 
explanatory variable for modelling stream temperature (Caissie 2006), and generally 
produces models explaining large proportions of the variance in stream temperature 
(Mohseni, Stefan, and Erickson 1998; Morrill, Conklin and Bales 2005; van Vliet et al 
2011). Thermal sensitivity is commonly quantified using ordinary least squares 
regression or Mohseni, Stefan, and Erickson’s (1998) nonlinear regression model and 
modified versions of the model (Stefan, and Erickson 1998; Erickson and Stefan 2000; 
Caissie, El-Jabi, and Satish 2001; Mohseni, Erickson, and Stefan 2002; Webb, Clack, and 
Walling 2003; Mohseni,; Morrill, Bales, and Conklin 2005; Van Vliet et al 2011; 
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Kelleher et al. 2012; Mayer 2012; Chang and Psaris 2013; Mcgrath, Neumann, and 
Nichol 2017; Naresh and Rehana 2017; Piotrowski and Napiorkowski 2019). 
Various best management practices can help to improve water quality, namely 
stream temperature. Riparian restoration is a common practice in the Johnson Creek 
Watershed undertaken by many overlapping jurisdictions to mitigate the effect that 
urbanization has degraded nearstream environments. Stream buffer restoration plantings 
improve water quality by shading the stream from direct solar insolation thereby 
preventing thermal pollution (Johnson and Wilby 2015; Wondzell et al 2019). Another 
best management practice in the watershed is green infrastructure (GI) installation. The 
installation of engineered GI within a watershed functions to improve water quality 
returning stormwater to the natural hydrologic cycle by storing rainwater, encouraging 
infiltration so less stormwater is warmed on impervious surfaces and recharging baseflow 
and groundwater (Peninno et al. 2016; Prudencio and Null 2018; Zhang and Chui 2019) 
that can contribute cool water to streams. The additional ability of GI to cool air 
temperatures through evaporation from vegetated facilities (Prudencio and Null 2018; 
Zhang and Chui 2019) could affect stream thermal sensitivity. While GI is installed on 
the small scale, the cumulated benefits of small-scale GI is designed to improve water 
quality on the large scale. Detailed spatial data of restoration and green infrastructure 
exists for the Johnson Creek watershed (Baker et al. 2019). Recent literature calls for 
more catchment scale analyses of the hydro-ecological benefits of GI practices (Zhang 
and Chui 2019), specifically regarding water temperature (Prudencio and Null 2018). 
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Spatial analysis of water quality is important in revealing the defining landscape 
characteristics that can affect water quality parameters of interest and helps to inform 
local stakeholders of unique controls on thermal sensitivity (Mainali and Chang 2018). 
This study explores the spatial relationships of landscape characteristics on thermal 
sensitivity along an urban-rural gradient near the Portland Metropolitan Area, USA to 
explore the extent of site characteristic controls on thermal sensitivity. Landscape 
characteristics can be summarized by various weighted and spatial techniques. 
Commonly employed techniques attempt to settle the debate on the issue of scale of 
influence; techniques include areal averages of explanatory variables, inverse distance 
weighted variables, variables summarized at the subwatershed scale, and varying widths 
of stream buffers (see Table 1). Previous research shows a variety of spatial weights, 
explanatory variables, and spatial scales have been used for many study areas, further 
showing the need of this study to consider many complex explanatory variables in 
explaining thermal sensitivity. Current ideas debate if explanatory variables can affect 
water quality overall as an overall cumulative effect or if variables in greater proximity to 

































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Previous studies did not examine what landscape variables explain thermal sensitivities in 
a small mixed watershed with a rich combination of natural and anthropogenic 
explanatory variables summarized with varying weights and scales. The unique inclusion 
of detailed restoration and GI spatial data can help to inform local stakeholders about best 
management practices effectiveness as whole on thermal sensitivity. As such, this study 
asks three questions: 
1. Which landscape characteristics best explain thermal sensitivity in the Johnson
Creek Watershed?
2. Do areal average variables or inverse distance weighted variables explain the
variation of thermal sensitivity? How do these relationships compare using
subwatershed and buffer summarized variables? How do models of mainstem
versus tributary compare?
3. Is there a significant relationship between restoration projects or green
infrastructure projects related to thermal sensitivity?
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2. Methods:
2.1 Study area 
The Johnson Creek watershed is located just East of Portland, located in both 
Multnomah and Clackamas counties. It flows from Boring, Oregon until it reaches its 
confluence with the Willamette river, in Milwaukie Oregon traveling nearly 42 
kilometers in stream distance. Due to its location encompassing multiple jurisdictions, 
many agencies work together to manage the Johnson Creek watershed, including the City 
of Portland, City of Gresham, East Multnomah Soil and Water conservation districts, and 
the Johnson Creek watershed Council. The Johnson Creek watershed experiences a 
marine west coast climate with its wet season during late fall to spring, and the dry 
season coinciding with summer. The study area is mapped in Figure 1. Johnson Creek is 
67% developed, has a stream length of 38 km, and a watershed area of 140km² (Homer et 
al. 2015). Precipitation is typically in the form rainfall and more precipitation falls in the 
southeast portion of the watershed due to topography (Lee and Snyder 2009). Snow is not 
a regular part of the precipitation regime (Chang 2007). In the north and west portions of 
the watershed, runoff does not flow directly into the watershed due to permeable geology, 
sewershed, and groundwater flow away from the creek. The increases in flow at the 
Milwaukie gauging station is due to substation inflow from Crystal Spring creek (Lee and 
Snyder 2009). A great overview of Johnson Creek’s hydrology can be found in Lee and 
Snyder (2009). Stream restoration projects are a large part of watershed management 
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with recent literature citing improved sediment dynamics and streamflow characteristics 
(e.g Levell and Chang 2008; Ahilan et al 2018). 
Figure 9: Study area of Johnson Creek watershed with a simplified base map of 2011 NLCD (Homer et al. 
2015). 
According to the City of Portland Bureau of Environmental services’ watershed 
report card, Johnson Creek’s water quality score is a C+ with stream temperature 
receiving an average score of 1.8 on a scale from 1 (bad) to 10 (good) (City of Portland 
2015). Water quality in Johnson Creek is a concern with various jurisdictions working to 
improve water quality as an ecosystem service by tree planting, restoration projects, 
green infrastructure installation, fish passage projects, as well as conservation registry 
(Johnson Creek Watershed Council, City of Portland 2013). Johnson Creek is diverse in 
land use and has a long history of urbanization. In the 1930s, the Works Progress 
Administration attempted to control flooding by purposefully incising the channel for 
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many stream miles. Recent years have been experiencing urban infill, though residential 
growth in the area had strengthened beginning in the 1970s (City of Portland 2013). As 
such, lower areas of the watershed are highly urbanized and have been for quite some 
time while the headwaters and upper watersheds are primarily forested or agricultural 
land. Traveling from the outlet to the headwaters, Johnson Creek is the epitome of an 
urban-rural gradient. 
2.2 Stream temperature data 
We used five years of daily summer stream temperature data collected by the Johnson 
Creek watershed council, The City of Gresham, The City of Portland, East Multnomah 
Soil and Water Conservation District, and the USGS from 2009 to 2018. Additional data 
for the years 2015-2018 were shared by the City of Gresham. Due to significant 
differences in variation of air-water temperature regression parameters (Hilderbrand et al. 
2014), stream temperature data were compared year by year for the months of July and 
August when stream temperatures are at their highest, to single out a ‘typical’ 
meteorological year. A typical year was defined as plus or minus one degree Celsius of 
mean seven-day moving average of daily maximum air temperature for July and August. 
The mean was 28.04 degrees Celsius. As such, the years 2009, 2012, 2013, 2014, and 
2016 were retained for analysis and transformed into thermal sensitivity using R 
programming software version 3.5.1 (R Core Team 2018). Maximum air temperature 
values for Portland International Airport were used to relate stream temperature to air 
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temperature for these summer months. Thermal sensitivity was defined as the slope of the 
regression line between seven day moving average of daily maximum air temperature and 
seven average daily maximum stream temperature. Thermal sensitivity was calculated at 
a total of 89 locations throughout the Johnson Creek watershed. A larger thermal 
sensitivity indicates a greater sensitivity of stream temperature to air temperature.  
2.3 Independent variables 
A total of 74 independent variables were developed for analysis to explain 
thermal sensitivity. Variables were created using ArcGIS 10.5. After joining the thermal 
sensitivity values created in R to the spatial location of each sampling site, the Arc Hydro 
extension was used to delineate sub watersheds from each of these locations. Independent 
variables were calculated for the entire sub watershed of each sampling location, as well 
as upstream of each location within a 100m buffer which has been used in other spatial 
research (e.g. Collier and Clements 2011; Pratt and Chang 2012; Mainali and Chang 
2019). Elevation, slope, imperviousness, normalized difference vegetation index (NDVI), 
and normalized difference built-up index (NDBI) were continuous raster-based variables 
that were also transformed into inverse distance-weighted (IDW) raster’s weighted on 
their distance to the sampling point of each sub watershed. This way, variables were able 
to exert more influence closer to the stream temperature monitoring location, as opposed 
to areal average values. IDW for water quality has also been explored in other works 
(Somers et al. 2013, Grabowski, Watson and Chang 2016, Watson and Chang 2018), and 
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has generally been found increase model performance in comparison to areal average 
values. 
Where detailed measurements of watershed shading were unfeasible to collect, 
utilization of the NDVI as a proxy for shade were created from Landsat 8 OLI imagery 
(30m) in R programming software version 3.5.1 (R Core Team 2018) and has been used 
to analyze restoration efforts and spatial and temporal trends in vegetation greenness in 
other studies (Hensaw et al. 2013; Norman et al. 2014; Jarchow, Nagler and Glenn 2016; 
Wilson et al 2016; Wilson and Norman 2018). The standard equation for NDVI is: 
(NIR-Red)/(NIR+Red) 
Equation 1   
Where NIR is the near infrared and Red is the red light within the electromagnetic 
spectrum picked up on Landsat 8 multispectral imagery. NDVI ranges between 0 and 1 
with values closer to 1, indicating a “greener” surface, or more vegetation. Similarly, the 
NDBI was also created using equation 2: 
(SWIR-NIR)/(SWIR+NIR)   
 Equation 2 
Where SWIR is shortwave infrared and NIR is near infrared light. NDBI typically ranges 
between -1 and 1 with values greater than zero indicating more built up surface. After 
these datasets were created, they were exported as 30m resolution raster files and further 
summarized by watershed and buffer extent.  
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Table 2 summarizes the description of the independent variables and their 
sources. 
Table 17: Explanatory variables used in analysis 
Dataset Derived variable Data source Hypothesized 
Relationship 
Sewershed Grey Infrastructure density City of Portland 2015; 
City of Gresham 2018 
Positive 
Green infrastructure density Negative 
Restoration % Restored area Jarrad (2016); Multnomah Soil & 




% Impervious area NLCD 2011 Percent Developed 
Imperviousness (Xian et al. 
2011) 
Positive 







NLCD 2011 Land Cover 
















Distance based Upstream flow distance 
Downstream flow distance 
Upstream distance to ponds 





NDVI Mean NDVI 
STD NDVI 
Landsat 8 OLI Negative 
Positive 
NDBI Mean NDBI 
STD NDBI 
Landsat 8 OLI Positive 
Positive 
Soil Hydrologic Soil B 
Hydrologic Soil D 
SSURGO Multnomah and 
Clackamas Soil Survey 
Negative 
Positive 
2.4 Statistical analysis 
Explanatory variables were compared using Pearson’s correlation coefficient. We tested 
the relationship of thermal sensitivity and independent variables for both the watershed 
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and stream buffer scale, and for both the areal average and inverse distance weighted 
average, and for both mainstem only and tributary only stream temperature locations by 
developing six unique multiple OLS regression models. Because thermal sensitivity 
values and models did not have any statistically significant spatial autocorrelation, OLS 
was an appropriate model.  It was hypothesized that one particular model would best 
represent thermal sensitivity represented by model fit to elucidate landscape 
characteristics on watershed spatial thermal sensitivity. Using ArcMap 10.5 exploratory 
regression tool, all possible combinations of variables compared against thermal 
sensitivity, with suggested best combinations of variables suggested by adjusted R2, AIC, 
and VIF. Models were further explored and finalized using R programming software 
version 3.5.1 (R Core Team 2018).  
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3. Results
3.1 Spatial variation of mean thermal sensitivity
The mean thermal sensitivity in the Johnson Creek watershed was 0.30, with a 
minimum of nearly 0 and a maximum of 0.57. Tests for spatial autocorrelation showed 
that thermal sensitivity appears to be random throughout the watershed (I=-0.16, p=0.71). 
Figure 2 shows the spatial variation of thermal sensitivity in Johnson Creek. A boxplot of 
thermal sensitivity values based on their location in the mainstem (n=29) or tributary 
(n=59) of the creek is shown in Figure 3. The mainstem stations generally had higher 
thermal sensitivity (95% confidence: 0.31-0.41) values than the tributary stations (95% 
confidence 0.22-0.30). 
Figure 10: Thermal sensitivity values with subwatersheds and stream buffers throughout Johnson Creek 
watershed. 
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Figure 11: Thermal sensitivity values between mainstem locations (n=29) and tributary locations (n=59). 
Since the notches of two plots, or confidence intervals, do not overlap this is strong evidence that the two 
medians are significantly different (p =0.05) (Chambers et al. 1983; R Core Team 2018). 
3.2 Correlation between thermal sensitivity and independent variables 
Table 18: Correlations between thermal sensitivity and explanatory variables. P-value ***=0.01, **=0.05, 
*=0.1, ^ Mean Air Temp at site 
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Watershed Stream buffer (100m) 




Average % Open water 0.15 0.15 
% Developed -0.04 -0.02
% Forest -0.06 -0.05
% Barren 0.04 0.06
% Grassland -0.04 0.01
% Agriculture 0.09 0.05
% Wetlands 0.25 ** 0.17
Mean % Impervious -0.04 -0.04
SD % Impervious 0.22 ** -0.14
Mean NDVI -0.03 -0.05
SD NDVI 0.31 *** 0.21 *
Mean NDBI 0.06 0.07
SD NDBI 0.27 *** 0.21 **
Mean Elevation -0.01 -0.01
SD elevation 0.32 *** 0.30 ***
Mean Slope -0.05 -0.15
SD slope 0.19 * 0.07
IDW Mean % Impervious -0.04 -0.01
SD % Impervious 0.04 0.06
Mean NDVI 0.06 0.03
SD NDVI 0.27 *** 0.04
Mean NDBI 0.10 0.04
SD NDBI -0.02 0.01
Mean elevation -0.07 0.02
SD elevation -0.01 0.02
Mean slope -0.07 -0.14
SD slope 0.02 -0.09
Other Area 0.37 *** 0.37 *** 
Restoration area -0.15 -0.16
Green infra. density -0.03 0.14
Gray infra. density 0.01 0.03
Hydrologic Soil Type B 0.05 0.28 ***
Hydrologic Soil Type D -0.04 0.11
Max Air Temp 0.15
Mean Air Temp -0.07 -0.04^
Downstream flow length -0.09
Upstream flow length 0.39 *** 
Distance to nearest upstream pond 0.28 *** 
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Table 3 shows Pearson correlation coefficients between independent variables and 
thermal sensitivity.  The strongest significant correlation was with upstream flow length 
(r = 0.39), followed by area of the watershed and area of the 100m buffer (r = 0.37), then 
areal average standard deviation (r = 0.32) and areal average standard deviation of NDVI 
(r = 0.27). There were only 16 significant correlations out of 72 possible explanatory 
relationships. Correlations are generally quite low, with no correlation exceeding 0.39. 
Similar low correlations were found in Booth, Kraseski, and Jackson (2014) in the Puget 
Lowlands of Washington State. 
3.3 Regression model results 
Table 4 summarizes the results of each model.  Distance to nearest upstream pond and the 
proportion of hydrologic soil type B were highly significant but were not found to be 
included in the best regression models explaining thermal sensitivity. Models results, 
denoted by R2 and AIC, were similar to one another, though the model of best fit was the 
model that only included mainstem stations but was allowed to include explanatory 
variables of either spatial scale. Model residuals for all models appeared normally 
































































































































































































































































































































































































































































































































































































































































































































































































R2 values were quite low across all models, with models explaining no more than 
31% of the variance of thermal sensitivity. These values appeared much lower than other 
studies that examined thermal sensitivity as a response variable (i.e. Kelleher et al 2012; 
Chang and Psaris 2013), though these studies were of much larger study areas in 
heterogenous landscapes with differing climates, and they were able to include discharge 
as an additional parameter.  
The three land cover types that showed up significant in models were % open 
water, % forest (as hypothesized in Chapter 1), and % wetland, while the others were 
insignificant. NDVI values showed up as significant, while the NDBI did not. Generally, 
IDW models had higher R2 and lower AIC compared to their areal average counter parts. 
Watershed models in general were better in terms of R2 and AIC in comparison to stream 
models. In comparing mainstem-only and tributary only models, mainstem had a higher 
R2 while including fewer explanatory variables. 
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4. Discussion
4.1 Thermal sensitivity and explanatory variables 
4.1.1 Significant correlations not included in spatial models 
The positive relationship found between the distance to nearest upstream pond is 
counter-intuitive to what is currently known in the Johnson Creek watershed. Typically, 
the greater open water coverage and proximity to open water would show a positive 
relationship, particularly if the waterbody is shallow with little surrounding shade, 
absorbing direct insolation, and if it the water has long residence times (Booth, Kraseski 
and Jackson 2014; Woltemeade 2017; Arora et al. 2108; Brans et al. 2018; Winfree et al. 
2018). The positive correlation found in this study could indicate that there were not 
enough points upstream and downstream of ponds to model this known relationship, and 
that there are other factors within the watershed and stream buffer that also have a strong 
association with thermal sensitivity. While distance to nearest upstream pond was not 
significant in spatial models, the percent of wetlands was significant in three of the four 
models, indicating that these relatively shallow wetlands likely experience direct 
insolation and therefore tend to warm surface waters as they flow through these locations, 
similar to how they would warm from ponding. More data on pond depth or wetland 
depth, as well as if ponds empty water into the stream from the surface warmed layer or 
the deep, cooler layer of the temperature gradient within these waterbodies could help to 
elucidate energy flux dynamics in Johnson Creek waterbodies (Bond 2018; Holzer 2018). 
The existence of wetlands in both stream buffer models indicate that this is a localized 
phenomenon. Additionally, the positive relation of hydrologic soil type B within the 
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buffer with thermal sensitivity is unexpected given that it was expected that B soil would 
represent well-draining areas with cool groundwater inflow. This counterintuitive finding 
could be due in large part to vast impervious surface areas with hydrological soil type B, 
which is generally located in the lower portions of the watershed. These soils may also be 
compacted so that water may be contributing to overland flow as opposed to groundwater 
recharge which is sensitive to air temperatures (McGrane 2016). 
4.1.2 Importance of Forest and NDVI 
The inclusion of forest in the watershed models indicates that areas of dense 
forest land use may impact thermal sensitivity on the watershed scale more so than the 
stream buffer scale. Mean IDW NDVI for the watershed model was significantly 
negative, which is important, especially when considering stream buffer models as stream 
temperatures are likely to be affected by riparian shading immediately in the vicinity of 
the stream (Johnson and Wilby 2015; Jackson et al. 2016; Jackson et al. 2017; 
Woltemeade 2017; Wondzell et al. 2019) In contrast, the significant positive relationship 
of mean NDVI in the buffer areal average model contrasts with hypothesized 
relationships of increased NDVI in the stream buffer leading to decreased thermal 
sensitivity from a streamside shade effect. STD IDW NDVI were found to be positively 
significant in both IDW models, implying that patchy areas of vegetation are no 
substitute for consistent forested land. The fact that NDVI is significant in both watershed 
and stream models indicates that vegetation is an important predictor for thermal 
sensitivity across multiple scales (Pratt and Chang 2012; Booth, Kraseski and Jackson 
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2014; Hilderbrand et al. 2014; Johnson and Wilby 2015; Jackson et al. 2016; Jackson et 
al. 2017; Woltemeade 2017; Wondzell et al. 2019). 
4.1.3 Importance of topography 
The importance of topographic variables has been extensively supported in other 
literature (i.e. Pratt and Chang 2012; Chang and Psaris 2013; Hilderbrand et al., 2014; 
Sun et al. 2014; Taka, Aalto, and Luoto 2015; Grabowski, Jackson et al., 2016; 
Woltemeade 2017; Mainali and Chang 2018; Watson and Chang 2018; Winfree et al. 
2018). In the watershed models, the positive relationship with standard deviation of 
elevation in the areal average model may be  related to areas of the watershed that have 
more highly variable topography, which is typical for the areas of the watershed 
characterized by extinct volcanic cinder cones, such as Powell Butte (Lee and Snyder 
2009). The upstream portion of this watershed has greater impermeable soils, so perhaps 
ponding of shallow water on the landscape makes water more susceptible to heat 
exchange warming (Lee and Snyder 2009). In the stream buffer models, the inverse 
relationship with mean slope and STD IDW slope suggests that thermal sensitivity is 
higher in areas with lower variable slope, or flatter areas where water may flow across 
these surfaces slower, therefore becoming warmed due to longer contact residence times 
(Chang and Psaris 2013; Hilderbrand et al 2015, Sun et al. 2014; Jackson et al. 2016). 
Increasing upstream flow length is positively related to thermal sensitivity, intuitively 
indicating that stream temperature sites lower in their respective watersheds, with larger 
contributing area are more sensitive to air temperature due to long travel times and heat 
accumulation (Johnson and Wilby 2015; Woltemeade et al. 2017). 
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4.2 Weights and scales
Inverse distance weighted models generally were better than areal average 
models, which is consistent with other literature in modelling water quality (Somers et al. 
2013; Grabowski, Watson and Chang 2016; Watson and Chang 2018). When examining 
the entire subwatershed versus stream buffer in modeling thermal sensitivity, the best fit 
models included subwatershed characteristics, which supports other literature exploring 
scale and water quality (Pratt and Chang 2012; Somers et al. 2014; Sun et al. 2014). 
These findings indicate that modelling stream temperature should consider the whole 
watershed, but with variables weighted higher closer to stream temperature 
measurements. Merely including average explanatory variables in an upstream buffer 
may cut out an important overall cumulative effect that the contributing landscape has on 
water quality.  
4.3 Mainstem versus tributary models 
The mainstem model outperformed the tributary model marginally, though 
included fewer explanatory variables. The inclusion of watershed, buffer, areal average 
and inverse distanced weighted variables allows for better understanding of the complex 
interplay between scales and weights on distinctly different reaches of the watershed. 
Greater thermal sensitivity for the mainstem stations (n=29) is associated with greater 
buffer-scale wetland area and greater standard deviation of NDVI. Again, an increase in 
open water can warm stream temperatures, particularly if the water is shallow and 
unshaded, (Booth, Kraseski and Jackson 2014; Woltemeade 2017; Arora et al. 2018; 
Brans et al. 2018; Winfree et al. 2018) and greater patchiness of streamside vegetation 
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will warm stream temperatures (Johnson and Wilby 2015; Woltemeade 2017; Wondzell 
et al. 2019). Thermal sensitivity in mainstem stations appears to be largely controlled by 
mostly buffer-scale controls, suggesting the importance of riparian conditions. 
The positive relationship with watershed-scale wetland area, open water (Booth, 
Kraseski and Jackson 2014; Woltemeade 2017; Arora et al. 2018; Brans et al 2018; 
Winfree et al. 2018), standard deviation of elevation and the negative relationship with 
forest area indicates that tributary sites, in comparison to mainstem sites, are more 
influenced by watershed scale processes. In addition, buffer-scale decreased restoration 
area and increasing standard deviation of inverse distance weighted NDVI suggest that 
thermal sensitivity values are more greatly influenced by vegetation at the small-scale 
immediately surrounding the stream (Woltemeade 2017; Johnson and Wilby 2015; 
Wondzell et al. 2019). Watersheds are a functioning system, but in terms of water quality 
in the stream, different weights and scales exert different influences throughout the 
watershed. 
4.4 Importance of best management practices on thermal sensitivity
Interestingly, restoration area showed up in five of six models, though it was 
insignificant in the watershed areal average model. Contradictory literature discusses the 
importance of scale in restoration area, with some citing a greater watershed approach 
(Violin et al. 2011; Pratt and Chang 2012) and others stressing the importance of buffer 
scale restoration to improve water quality (Johnson and Wilby 2015; Wondzell et al. 
2019). Restoration area was always negatively related to thermal sensitivity, indicating 
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that greater proportions of restored environment help to reduce thermal sensitivity by 
providing shade (Johnson et al. 2007; Johnson and Wilby 2015; Wondzell et al. 2019).  
This has important implications for the many agencies seeking to improve water quality 
in the study watershed. It may be a sign that restoration efforts have started to reduce 
thermal sensitivity in portions of the watershed, and that the effect of restoration is 
significant at both the watershed and stream buffer scale. The significance of restoration 
in the tributary only model may indicate that effects to restore riparian shade should 
occur in tributaries as opposed to mainstem sections to slow the accumulation of thermal 
pollution (Johnson and Wilby 2015; Wondzell et al. 2019). Continued efforts to restore 
this watershed should be continued at both the watershed scale, as well as streamside.  
Green infrastructure density did not show up as significant in any models. Green 
infrastructure may not be effective for reducing heat or mitigating thermal sensitivity in 
the Johnson Creek watershed, despite other potential benefits of increasing infiltration 
into the watershed subsurface. Increasing infiltration has benefit in terms of urban 
hydrology (Pennino et al. 2016; Aulenbach et al. 2017), though the benefits of increased 
infiltration may not be cooling stream temperatures in Johnson Creek. While the 
restoration variable was expressed as a proportion of total area, area attributes of GI 
facilities was not available for all data, and as such, was included as a count variable. 
Greater spatial resolution of GI facilities and their attributes may improve model fit but 
was not feasible for this study.  
Interestingly, gray infrastructure density of sewer nodes and inputs showed up as 
highly significant in both stream buffer scale models. This is the only indicator that is a 
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direct measure of development throughout the models. In general, there is little to no 
stormwater grey infrastructure in the headwaters of the watershed stream buffer, with the 
downstream half of the watershed showing increasing grey infrastructure within the 
stream buffer. Increases in gray infrastructure density within the buffer is related to 
higher thermal sensitivity, indicating that this dense, developed area could quickly 
convey water warmed water from impervious surfaces directly to the stream (Nelson and 
Palmer 2007; Somers et al. 2014). A similar study just west of the study area found the 
opposite finding (Watson and Chang 2018), which they assumed that sewer network 
shaded and cooled water before entering nearby streams. This could indicate that the 
effect that storm sewer systems have on water quality in the Portland metropolitan area is 
variable from watershed to watershed.  
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5. Conclusions
The thermal sensitivity of stream temperature in the Johnson Creek watershed can be 
largely explained by topographic variables, NDVI and forested area, open water and 
wetlands, restoration area and grey infrastructure. Relationships are mostly unsurprising 
with higher restoration and less variable vegetation leading to less thermal sensitivity, 
and more variable or flatter topography, open water and gray infrastructure leading to 
higher thermal sensitivity, supporting previous hypotheses in chapter one. Areal average 
and inverse distance weighted variables summarized at both watershed and buffer scales 
were important in both models of mainstem-only and tributary-only stream temperature 
monitoring sites. Inverse distance weighted models were generally better than areal 
average models when choosing a specific weighting scheme, and the watershed inverse 
distance weighted model explained the most variation of thermal sensitivity. Chapter one 
concluded that thermal sensitivity was largely controlled by air temperature, and this 
chapter adds the landscape characteristics further exacerbate thermal sensitivity (greater 
patchy vegetation, flatter or variable topography, greater grey infrastructure) or mitigate 
thermal sensitivity (greater forest coverage, greater NDVI, greater restoration projects, 
steeper slopes).   
The low coefficients of determination indicate that thermal sensitivity of urban stream 
temperature during the summer months is relatively difficult to capture and characterize 
across the heterogeneous landscape. While the relationships found are highly significant, 
other explanatory variables may have not appropriately represented or this urban 
watershed may be much more complex with a high degree of human disturbance that is 
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difficult to capture completely. Other studies have been able to include discharge as an 
additional parameter (Kelleher et al. 2012; Watson and Chang 2018), which may improve 
model fit. Additionally, Johnson Creek has substantial groundwater inputs, of which 
representative spatial data was absent in this study. The literature review table highlights 
that many other hydrogeological variables can be captured spatially to more accurately 
model water quality.  
This study has important implications for watershed managers as well as restoration 
practices. This study helps to better understand the physical characteristics that dictate 
thermal sensitivity of stream temperature to air temperature in the Johnson Creek 
Watershed to be able to better allocate resources protect and improve water quality in 
mixed use watershed under future climate change. Reaches that are more resilient with 
lower thermal sensitivity may be less vital for focused restoration efforts, whereas 
locations with higher thermal sensitivity should be avidly monitored, especially since 
climate change is expected to increase air temperatures in the region. The inclusion of 
restoration area as a significant explanatory variable in reducing thermal sensitivity is a 
testament to years of restoration work that has taken place in the watershed. 
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Conclusions 
Trends of discharge and stream temperature are apparent throughout both Johnson 
Creek and Tualatin River watersheds. The thermal sensitivity of stream temperature to air 
temperature is greater in certain portions of each respective watershed, and the more 
pronounced trends in stream temperature appear to coincide at temperature monitoring 
stations that are also more thermally sensitive. Further exploration of thermal sensitivity 
in the Johnson Creek watershed points to land use, topography, grey infrastructure and 
restoration as significant determinants of thermal sensitivity summarized by various 
scales and weights. The influence that landscape factors have on thermal sensitivity is 
scale-dependent and spatial weight dependent. Both chapters highlight specific locations 
and elucidate the unique characteristics in determining thermal sensitivity, which have 
real-life implications for watershed management. Reaches that are more resilient with 
lower thermal sensitivity and no apparent concerning trends in discharge or stream 
temperature may be less integral for focused restoration efforts and could serve as 
thermal refugia under a changing climate (Chang, Watson, and Strecker 2017; Mcgrath, 
Neumann, and Nichol 2017; Merriam et al. 2017; Fast 2018), whereas locations with 
higher thermal sensitivity and increasing trends in stream temperature or decreasing 
trends in discharge should be avidly monitored in response to land use change and 
climate change. More knowledge of watershed dynamics will surely help to inform local 
policy and watershed managers to better spend typically limited resources and money on 
the areas most in need or most likely to benefit from restoration or mitigation. While 
perhaps residents in these communities that are strife with degraded water quality could 
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care less about fish habitat and stream temperature, residents would surely benefit, 
directly and indirectly, from the well-known positive implications of increased ecosystem 
services provided by watershed enhancement work, such as climate control, increased 
green space and opportunities for recreation, increased wildlife, flood and erosion 
control, and opportunities for education and eco-mental healthcare and spirituality. 
Findings in this study may be specific to the study area and thus may not be 
generalizable to other urban watersheds. Urban watersheds are patchy and heterogeneous, 
and their patterns of developed or forested area may not be transferable to other urban 
watersheds. This research does show that relationships and patterns of stream temperature 
and discharge are not continuous across each representative watershed. In this way, a 
“one size fits all” approach to watershed restoration in either watershed is not 
recommended as different parts of each watershed are unique in land cover, and their 
relationship with discharge and air temperature; as such, future research in this area can 
consider other types of modeling, both simple and complex, of both stream temperature 
and discharge metrics. In terms of spatial analyses on stream temperature, relationships 
with other landscape variables could vary depending on the dependent variable in 
question, such as maximum or minimum stream temperature metrics. Variation of 
thermal sensitivity could be further explained by spatial variables that were not included 
in this research, such as discharge or groundwater inputs. Spatial analysis of other stream 
temperature metrics can capture other important aspects of stream temperature as a water 
quality indicator that were not included in this study. For example, exploring the 7-day 
moving average of daily maximum temperature could yield models that show different 
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landscape controls on this metric, highlighting the importance of capturing these complex 
dynamics, despite their absence in the thermal sensitivity model. Additionally, spatial 
autocorrelation of other stream temperature metrics could highlight clustering of stream 
temperature issues or resilience in the watershed that could warrant further investigation. 
All of these suggestions could help guide restoration and best management practices in 
these urbanization watersheds. 
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Appendix: Mann-Kendall trend analyses for entire period of record 
A1: Mann-Kendall test results for 7 -day moving average of daily maximum temperature for the entire 
period of record. τ values in red indicate a statistically significant increasing trend and values in blue 
indicate a statistically significant decreasing trend. p is significance level where values are significant at 
*0.10, **0.05, and ***0.01, respectively.
Jun Jul Aug Sep Year 
Sites τ p Τ p τ p τ p τ p 
7DADmax 
Johnson Creek 
Regner Rd 0.25 0.39 **  0.51 ***  0.54 ***  0.53 ***  
Kelley Cr 0.22 0.22 0.2 0.07 0.21 
Sycamore 0.36 **  0.6 ***  0.51 *** 0.57 ***  0.58 ***  
Milwaukie -0.13 -0.1 -0.22 -0.31 * -0.15
Tualatin River 
Bronson Cr @ 205th - - -0.6 ***  -0.27 - 
Bronson Cr @ Bronson 
Rd 
- - 0.03 -0.21 - 
Bronson Cr @ West 
Union 
- - -0.33 -0.29 - 
Bronson Cr @ Saltzman - - -0.2 -0.22 - 
Willow Cr @ 143rd - - 0.11 -0.17 - 
Chicken Cr @ Scholl’s - - -0.27 -0.49 ** - 
Hedges Cr @ Tualatin 
PCC 
- - 0.28 0.28 - 
Ash Cr @ Hemlock - - 0.33 -0.06 - 
Dawson Cr @ 
Brookwood 
- - 0.03 -0.1 - 
Bannister Cr @ 124th - - 0.13 0.24 - 
Saum Cr @ Borland Rd - - 0.16 -0.02 - 
Scoggins Cr 0.1 0.03 0 0.08 -0.13
Fanno Cr Durham 0.18 0.18 0.5 ***  0.33 * 0.33 * 
Oswego Dam 0.08 0.05 0.03 0.23 * 0 
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A2: Mann-Kendall test results for 7 -day moving average of daily minimum temperature for the entire 
period of record. τ values in red indicate a significant increasing trend and values in blue indicate a 
significant decreasing trend. p is significance level where values are significant at *0.10, **0.05, ***0.01 
Jun Jul Aug Sep Year 
Sites τ p τ p τ p τ p τ p 
7DADmin 
Johnson Creek 
Regner Rd 0.17 0.32 * 0.33 **  0.31 * -0.16
Kelley Cr -0.03 0.23 0.07 -0.06 -0.07
Sycamore 0.24 0.42 ***  0.51 ***  0.44 ***  -0.18
Milwaukie 0.08 0.16 0.15 0.31 * -0.19
Tualatin River 
Bronson Cr @ 205th - - 0.35 0.13 - 
Bronson Cr @ Bronson Rd - - -0.18 0.23 - 
Bronson Cr @ West Union - - 0.20 0.07 - 
Bronson Cr @ Saltzman - - -0.14 -0.12 - 
Willow Cr @ 143rd - - -0.89 ***  0.17 - 
Chicken Cr @ Scholl’s - - -0.45 * 0.05 - 
Hedges Cr @ Tualatin PCC - - -0.61 **  0.11 - 
Ash Cr @ Hemlock - - 0.22 0.39 - 
Dawson Cr @ Brookwood - - 0.36 * 0.60 ***  - 
Bannister Cr @ 124th - - 0.20 0.13 - 
Saum Cr @ Borland Rd - - -0.24 0.16 - 
Scoggins Cr 0.20 0.20 0.20 0.03 0.03 
Fanno Cr @ Durham 0.28 0.20 0.20 0.30 0.09 
Oswego Dam 0.11 0.32 **  0.49 ***  0.12 -0.07
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A3: Mann-Kendall test results for the total number of days above 17.8C for the entire period of record. τ 
values in red indicate a significant increasing trend and values in blue indicate a significant decreasing 
trend. p is significance level where values are significant at *0.10, **0.05, ***0.01 
Jun Jul Aug Sep Year 
Sites τ p τ p τ p τ p τ p 
# of Days above 17.8 C 
Johnson Creek 
Regner Rd 0.20 0.15 0.43 ***  0.52 ***  0.44 ***  
Kelley Cr 0.18 0.07 0.08 0.12 0.05 
Sycamore 0.28 * 0.13 0.22 0.47 ***  0.60 ***  
Milwaukie 0.03 0.14 0.03 -0.38 ** 0 
Tualatin River 
Bronson Cr @ 205th - - 0.33 -0.24 - 
Bronson Cr @ Bronson Rd - - -0.19 0.08 - 
Bronson Cr @ West Union - - -0.24 -0.29 - 
Bronson Cr @ Saltzman - - -0.52 ***  -0.19 - 
Willow Cr @ 143rd - - -0.56 * 0.28 - 
Chicken Cr @ Scholl’s - - -0.13 -0.31 - 
Hedges Cr @ Tualatin PCC - - 0.11 0.33 - 
Ash Cr @ Hemlock - - 0.28 0.22 - 
Dawson Cr @ Brookwood - - 0.02 0.01 - 
Bannister Cr @ 124th - - -0.04 - - 
Saum Cr @ Borland Rd - - 0.13 - - 
Scoggins Cr - - - 0.05 -0.12
Fanno Cr @ Durham 0.28 0.06 0.36 * 0.26 0.41 ** 
Oswego Dam 0.13 0.17 - 0.08 0.10 
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A3: Mann-Kendall test results for thermal flashiness for the entire period of record. τ values in red indicate 
a significant increasing trend and values in blue indicate a significant decreasing trend. p is significance 
level where values are significant at *0.10, **0.05, ***0.01 
Jun Jul Aug Sep Year 
Sites τ p τ p τ p τ p τ p 
Thermal Flashiness 
Johnson Creek 
Regner Rd. 0.04 0.18 0.13 -0.32 * -0.10
Kelley Cr. 0.01 0.06 -0.10 -0.15 0.04 
Sycamore -0.08 -0.21 -0.06 -0.36 ** -0.17
Milwaukie -0.33 ** -0.13 -0.23 -0.54 *** -0.17
Tualatin River 
Scoggins Cr -0.27 -0.02 -0.05 -0.02 -0.30
Fanno Cr @ Durham 0.12 -0.07 -0.16 -0.03 -0.09
Oswego Dam -0.17 -0.21 -0.30 ** -0.11 -0.07
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A4: Mann-Kendall test results for baseflow index for the entire period of record. τ values in red indicate a 
significant increasing trend and values in blue indicate a significant decreasing trend. p is significance level 
where values are significant at *0.10, **0.05, ***0.01 
Jun Jul Aug Sep Year 
Sites τ p τ p τ p τ p τ p 
Base flow index 
Johnson Creek 
Regner Rd 0.15 0.25 0.12 0.04 0.09 
Kelley Cr -0.53 *** -0.46 *** 0.23 0.18 -0.44 ***
Sycamore -0.06 0.02 -0.06 -0.26 *** 0.14 * 
Milwaukie 0.08 0.32 ** 0.06 -0.03 -0.03
Tualatin River 
Scoggins Cr -0.39 *** 0.02 -0.08 0.14 -0.30 **
Dilley 0.14 * 0.27 *** 0.23 *** 0.32 *** 0.49 *** 
Fanno Cr @ Durham -0.28 -0.22 0.15 -0.07 -0.74 ***
Fanno Cr at 56th -0.33 ** -0.19 -0.36 *** -0.36 *** -0.53 ***
Oswego Dam 0.20 *** 0.44 *** 0.28 *** 0.30 *** 0.45 *** 
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